Abstract: Despite alternative transportation opportunities, road transportation still occupies an important part of our daily lives. Ever-advancing technological developments set high expectations of vehicular comfort and safety. Thus, it is necessary to develop systems that are able to detect and classify events related to the comfort and safety of vehicular transportation. Researchers have proposed several systems to monitor the quality of vehicular transportation.
Introduction
Vehicular transportation is still the dominating type of transportation. The safety and comfort of vehicular transportation has become increasingly important as people's expectations about transportation become more demanding through technological developments. People are not just interested in reaching their destinations in a short period of time; they also demand more comfortable and safer traveling conditions. Two main factors that affect the comfort and safety of vehicular transportation are road quality and driving skills.
Potholes, bumps, and surface roughness are just some examples of road conditions that have negative effects on transportation comfort and can cause damage to the vehicle [1] such as premature damage to suspension and steering components. Tires and rims can also be damaged by potholes. According to a report mentioned in the Daily Mail, in Britain alone potholes cause more than £1m worth of damages to cars every day [2] .
On the other hand, even with excellent road conditions it is not possible to provide safe and comfortable vehicular transportation without competent driving skills. Governments and insurance companies employ electronic driver monitoring systems to enforce safer transportation. These rule-based systems monitor and report conditions such as illegal speeding, red light crossing, and lane violations [3] . However, even if the driver obeys the laws, actions such as improper turns and sudden accelerations and decelerations of the car result in poor driving comfort. Smooth driving is a necessity for public transportation vehicles such as taxis, buses, and ambulances.
The main focus of this work is to provide a user-friendly and inexpensive solution that is capable of detection and classification of both different road conditions and driving behaviors. We discuss the details of the architecture of our system along with signal acquisition and processing methods and the classification algorithm employed. The key contributions of our work are as follows:
• We propose a simple yet efficient solution, capable of concurrent monitoring of both road conditions and driving behaviors.
• While most existing solutions require external hardware, our solution is implemented on a smartphone running Android OS. Thus, it greatly reduces the overall cost of the system.
• Our solution, being based on a smartphone, is easily deployable and maintainable.
• Our system, unlike existing solutions, does not require fixing the position of the smartphone within the vehicle.
• We show that our system is able to detect and classify events related to road conditions and driving behavior with an accuracy of 91%.
• Our solution can be extended to create road condition warning and/or driving reporting systems for both personal and commercial use.
The rest of this paper is organized as follows: in Section 2, we review existing solutions proposed either for road quality monitoring or driving behavior monitoring; in Section 3, we introduce our solution in detail; section 4 describes our experimental environment and presents the test results obtained from the field tests; we conclude our paper with Section 5.
Related work
Several systems have been developed to evaluate road and driving quality. The existing work can be categorized as road quality monitoring solutions and driving quality monitoring solutions. Road quality monitoring solutions focus on detecting road anomalies such as potholes, bumps, and rough pavement. Monitoring solutions for driving quality inspect driving faults that affect the comfort and safety of the vehicle. Most of these systems rely on a two-axis or three-axis accelerometer sensor. Different types of sensors such as gyroscope, magnetometer, GPS, camera, and microphone are also used in those systems as supporting elements.
Pothole Patrol [4] is one of the earliest examples of road quality monitoring systems. It evaluates the road surface condition based on the readings from an accelerometer and a GPS sensor. An embedded device was designed to collect and process the sensor data. For field tests, 7 of these devices were mounted on 7 different taxi cabs with a fixed position and orientation. Potholes were detected using the threshold-based z-peak algorithm on vertical acceleration data.
Another example of road monitoring systems is Nericell [5] , developed by Microsoft. The system detects road and traffic conditions by using Windows Mobile-based smartphones. It has a microphone and a GPS sensor and collects data from a three-axis external accelerometer over a Bluetooth link. The system is able to handle changes on the position of the smartphone and thus reorients the accelerometer accordingly. However, this is only possible when the vehicle is moving steadily on a straight line. The system uses threshold-based algorithms, namely z-peak and z-sus, for bump detection.
In [6] the authors used an Android based smartphone to monitor road conditions. They proposed a new algorithm, namely G-ZERO, which eliminates constraints such as placing the accelerometer in a predetermined orientation or performing a virtual reorientation of the accelerometer. This algorithm is based on the fact that the sum of all three-axis data approaches zero if the vehicle is in a temporary free fall.
In [7] a group of researchers proposed a road condition monitoring system using an on-board accelerometer and a GPS sensor. The system is able to evaluate and classify pavement roughness using calculated power spectral density and an estimated International Roughness Index. This system also requires the placement of the three-axis accelerometer in a predetermined orientation on the vehicle.
Researchers from the TSC Innovation Lab developed a road condition monitoring and alert application [8] using the built-in sensors of an in-vehicle smartphone as Internet-connected sensors. These sensors include an accelerometer, a magnetometer, a GPS, and a compass. Smartphones detect rough roads, bumps, and potholes. This information is then sent to a server along with the sensors' current location. Consequently, data gathered from the smartphones are fused and used to alert vehicles about nearby potholes. Although it was stated that the application is independent from the orientation of the smartphone, details were not given on how this independency was achieved.
There are also several solutions for monitoring driving quality. An example of such a system is MIROAD [9] . MIROAD uses the accelerometer, gyroscope, and camera of an iPhone 4. The system is mounted in the center of the vehicle's windshield with a known orientation. The proposed system uses the dynamic time warping algorithm to classify driving events. MIROAD is able to detect several driving events such as aggressive and normal turns, aggressive acceleration, deceleration and breaking, lane changes, and excessive speed.
In [10] the authors proposed a system that uses an engine control unit (ECU) reader, which is able to provide information about the movement of the car, and a three-axis external accelerometer and a camera. Data from these three sensors were combined via a fuzzy interface system on a PC and the driving risk level can be evaluated on a scale of 1 to 3.
To the best of our knowledge there is only one solution that focuses on both driving quality and road condition monitoring. In [11] the authors proposed a smartphone-based solution that is able to detect sudden accelerations and decelerations by thresholding x-axis acceleration data. The system is also capable of detecting bumps and potholes by using z-axis acceleration data and it predicts the heights of the bumps and maps them with data from GPS. In this system it is assumed that the phone's orientation within the vehicle remains unchanged at all times.
A comparison of the existing approaches for monitoring driving quality and road conditions is given in Table 1 . 
Solution Focus
Sensors Platform Device orientation [4] Potholes Acc, GPS Ext. device Fixed [5] Road and traffic cond. Acc, Mic, GSM, GPS Smartphone Not fixed [6] Potholes Acc Smartphone Fixed [7] Road cond. Acc, GPS Ext. device Fixed [8] Road cond. Acc, GPS, Compass, Magn. Smartphone Not fixed [9] Driving style recognition Acc, Gyro, GPS, Magn., Camera Smartphone Fixed [10] Driving events Acc, Camera, ECU reader Ext. device Fixed [11] Driving and road cond. Acc Smartphone Fixed
System details
In this section we will describe our solution and present the details of data collection, preprocessing, feature extraction, and classification processes.
Data collection
Nowadays almost all smartphones are equipped with several sensors such as accelerometers, gyroscopes, and magnetometers. The operating systems (such as Android and iOS) running on these devices are able to interface with these sensors and they provide application programming interfaces to the user for easy access to sensor data such as acceleration, linear acceleration, gravity, angular velocity rate, orientation, magnetic field strength, and rotation vector. We performed several field tests and collected data from all of these sensors. After careful examination, a set of these sensor data was selected. Details of the selection procedure are given in the following sections. We decided to implement our proposed system on the Android operating system since it is widely used in smartphones and has a rapid development environment. The Android platform supports several sensors in order to monitor the motion of the smartphone. Two of these sensors (accelerometer and gyroscope) are always hardware-based, and three of them (the gravity, linear acceleration, and rotation vector sensors) can be either hardware-or software-based. Devices with software-based sensors derive their data either from the accelerometer and magnetometer, or they may use the gyroscope, if present. Most Android-powered devices have an accelerometer, and many now include a gyroscope. The availability of the software-based sensors is more variable because they often rely on one or more hardware sensors to derive their data [12] .
In our field tests we deployed two Samsung Galaxy S2 smartphones in a vehicle and recorded the sensor data of a 1-h ride within the Davutpaşa campus of Yıldız Technical University. The main reason for choosing the Samsung Galaxy S2 smartphone was that it employs an ST Microelectronics LIS3DH accelerometer [13] , an ST Microelectronics L3G4200D gyroscope [14] , and an AKM AK8975 compass [15] . Thus, all the necessary sensors are present for the Android platform to derive the remaining sensor data with the highest possible precision (see Table 2 ). The LIS3DH accelerometer has user-selectable full scales of ± 2 g, ± 4 g, ± 8 g, and ±16 g and it is capable of measuring accelerations with output data rates from 1 Hz to 5 kHz, whereas the L3G4200D gyroscope provides readings ranging from -2000 dps to +2000 dps; the AK8975 has a measurement range between -1200 µ T and +1200 µ T. One of the smartphones was used for collecting the sensor data and the other was used for marking the events to create the ground truth data. Furthermore, time synchronization between the two smartphones was performed to achieve a high accuracy for both the sensor and event data. We used the "Sensor Logger" application for collecting sensor data and the "Event Timestamper" application for labeling events with accurate time stamps.
During the ride we acquired data to classify 8 different types of events including rough road, potholes, bumps, hard turns, sudden braking, excessive acceleration, smooth driving, and phone movement. We also placed the smartphone that recorded the sensor data at different places inside the vehicle such as in the bag of the passenger, in the pocket of the driver, on the dashboard of the vehicle, etc. During the data collection, driving speed was varied between 10 km/h and 60 km/h to reflect the conditions of urban traffic.
We recorded sensor data for 332 events from 8 different classes. The distribution of these events is given in Table 3 . These data were used to select the appropriate sensors, features, and classification algorithm. 
Preprocessing
Although signal recording was done automatically by the "Sensor Logger" application, the respective time stamping of the related event was carried out manually on another smartphone. Thus, we had to compensate for the perception and reaction time of the person performing the manual time stamping to achieve a correlation between the event's sensor data and the respective time stamping.
Furthermore, the sampling rate of the sensor data was not constant. Our evaluation of the sampled data showed that the sampling rate varied between 90 Hz and 100 Hz. Consequently, we downsampled the recorded signals to 50 Hz.
Another important observation on the acquired data was a tight correlation between magnetic field strength and orientation. Therefore, we chose not to use the orientation data.
Sensor data for acceleration, linear acceleration, gravity, angular velocity rate, and magnetic field strength are presented as vector magnitudes on three axes. During our initial tests, in order to minimize the memory requirement, we decided to reduce the data dimension by using the vectorial sum of each of the components (see Eq. (1)).
Feature extraction and model selection
Feature extraction is one of the most important issues in the field of classification since it has a direct effect on the success rate of the classification process. In order to get as many features as possible from the sampled data, we used a jAudio feature extraction toolbox [16] . jAudio is a framework for feature extraction from one-dimensional signals. It has a very rich algorithm repository on feature extraction that includes methods such as MFCC, LPC, and spectral centroid [16] . jAudio is also able to provide us with outputs in WEKA's [17] ARFF format. Using jAudio's algorithm repository we extracted more than 4300 features from the acceleration, linear acceleration, gravity, angular velocity rate, and magnetic field strength data. We used the WEKA [17] toolbox to select discriminating features from this feature set. We reduced the number of features to 41 by performing a greedy backward search on the feature set with WEKA's attribute selection tool. Then we reduced the number of features to 7 by manual examination. Feature extraction algorithms applied to each data set are given in Table 4 . The WEKA toolbox includes a large selection of classification algorithms. Thus, we employed leaveone-out cross-validation in WEKA in order to select the most proper classification algorithm for our system. During our preliminary design phase we compared the event classification success rates of k-nearest neighbor (k-NN), radial basis function network (RBFN), Bayesian network (BN), logistic model trees (LMT), multilayer perceptron (MP), and support vector machine (SVM) through WEKA simulations. The success rates of the selected classifiers are given in Table 5 . Table 5 . Success rates (given as percentages) of the classifiers for the recognition of driving events.
LMT MP SVM Success rate 55.6 58.6 60.9 74.6 72.2 66.8 60.2
The BN algorithm was selected as our classification algorithm since it has a higher success rate and lower execution time compared with other classifiers. Detailed classification accuracy and the confusion matrix for the BN classifier are given in Table 6 and Table 7 , respectively. 
Experimental results
A closer examination of the confusion matrix confirmed our assumption that the characteristics of some of the classes were very similar and a misclassification for these classes was inevitable. This also explains why our initial accuracy was limited to 74.4%. On the other hand, our primary motive in this study was to discriminate events related to road conditions, driving behavior, and phone movement. Thus, we consolidated the rough road, pothole, and bump classes under Road Events and the hard turn, hard brake, and excessive acceleration classes under Driving Events. Consequently, the reduced number of classes included only the following four classes: road events, driving events, phone movement, and normal drive, as in Table 3 .
After grouping the events into four classes, our system was able to classify events with an accuracy of 91%. Table 8 shows the confusion matrix for the classification process with four classes. Having achieved a satisfactory accuracy with our proposed system, we decided to test its real-life performance. The most obvious obstacle was the use of two separate smartphones: one for the collection of sensor data and another for time-stamping of the respective event. We decided to run the acquisition and classification on the same smartphone concurrently. Thus, no time-stamping was required at all. To this end, we defined a continuous acquisition window of 5 s. As soon as the acquisition window was full it underwent the classification process; meanwhile, the window was shifted 1 s to the right (see Figure 1) . We trained our system with the samples from the first ride. Then we did another ride of 20 min on a completely different course. This ride was also recorded by a camera attached to the left side of the windshield (see Figure 2) . This second ride of 20 min produced a total of 1196 acquisition windows that underwent the classification process. The classification results of this ride were then superimposed on the captured video as subtitles. Each event classified other than "Smooth driving" (Table 8 ) was displayed on the video 1 s before the actual start of the event until after 1 s of its ending for a total of 2 s. At the end the video was tagged with 83 events and the visual inspection of the video showed us that the real life accuracy was 86%, which is in confidence with the results given in this section. 
Conclusion and future work
In this paper we focused on the assessment of vehicular transportation quality. The system presented here is simple, yet efficient enough to accurately classify both road and driving events. It is based on Android smartphones; hence, it is highly portable and very easy to install and maintain.
In an effort to provide an easily applicable and user friendly solution we also removed the constraint of fixing the position of the smartphone within the vehicle. Although this approach had a negative impact on the correct classification of some of the events in the same category, we were able to solve this issue by reducing the number of main classes without any compromise to the system's correctness. For example, before the reduction of the number of classes, bumps and potholes were misclassified most of the time, reducing the total accuracy of the system. However, as both bumps and potholes are indications of the quality of the road, their grouping within the same class as "road conditions" helped us tackle this problem without compromising our system. Both the experimental results and the results of real-life tests are in agreement and indicate an accuracy of 91% for the detection and classification of road conditions and driving behavior. It should be noted that our system reports the dominant event in magnitude in case of multiple events occurring simultaneously. Also, our observations show that too fast or too slow driving speeds have an impact on the classification process. However, as our primary focus was the assessment of road conditions and driving behavior in urban areas, we deliberately chose the driving speed between 10 km/h and 60 km/h. Therefore, the classification process should be revised accordingly for the use of our system in highway traffic.
